Introduction
Remotely sensed images can provide reliable land cover information at different scales and are the primary data utilized in the production and updating of land cover maps. At the global scale, coarse-resolution images, such as those obtained with a moderate-resolution imaging spectroradiometer (MO- DIS) , have been applied to build land cover products, such as the MODIS land cover product (Friedl et al., 2002) . Coarseresolution images are high in temporal repetition rates, which allow the timely updating of land cover maps and the creation of long-term land cover products. However, the spatial resolution of coarse-resolution images is low. Coarse-resolution land cover products fail to satisfy regional-scale land cover resource and landscape analyses. At the regional scale, fine-resolution remotely sensed images are the primary data utilized to generate land cover maps. For instance, Landsat images at a spatial resolution of 30 m are utilized to produce and update the National Land Cover Database (NLCD) of the United States (Homer et al., 2007) . However, owing to the tradeoff between spatial and temporal resolution, fine-resolution images have their limitations because they are often acquired at a relatively low temporal resolution. The land cover products from fine-resolution images are derived only from remotely sensed data acquired during one or several years, and these products represent the land cover characteristics of a specific period. Therefore, they lack not only long-term but also timely land cover change information.
Using a current coarse-resolution image and a previous fine-resolution map to timely update fine-resolution land cover products at the regional scale is meaningful and challenging. This task necessitates the use of multi-resolution images, which provide mutually supplementary land cover information at different scales. A popular approach that combines fine-resolution and coarse-resolution images is the use of coarse-resolution images that cover the entire area as the primary data source, as well as fine-resolution images that cover a part of the area as training samples. Braswell et al. (2003) combined coarse-resolution and fine-resolution images to extract land cover fraction images at the sub-pixel scale using soft classification, which predicts land cover class fractional information within each coarse-resolution pixel. The fine-resolution images were utilized to train endmember signatures, and the coarse-resolution images were utilized for spectral unmixing. Lu et al. (2011) integrated MODIS and Landsat images to map a fractional forest cover in the Brazilian Amazon. MODIS images were unmixed to forest fraction images, whereas Landsat images were utilized to calibrate the forest fraction images. However, the aforementioned methods can only detect land cover fraction within each coarse-resolution pixel and cannot produce fine-resolution land cover maps.
Sub-pixel mapping (SPM) or super-resolution mapping is a technique that transforms a coarse-resolution image or a spectral unmixing result into a fine-scale hard classification map by dividing pixels into sub-pixels and assigning different classes to these sub-pixels (Foody, 2006; Atkinson, 2009) . SPM provides more information than spectral unmixing during the downscaling of coarse-resolution images because SPM can specify the location of each class within the coarse pixels. Generally, SPM adopts mono-temporal coarseresolution remotely sensed images as input. In fact, SPM is an ill-posed inverse problem of transforming a coarse-resolution fraction image to a fine-resolution land cover map, and SPM accuracy is influenced by the uncertainty in determining fineresolution pixel labels (Nguyen et al., 2006; Ling et al., 2010) . The combination of a current coarse-resolution image and a previous fine-resolution land cover map is useful in reducing SPM uncertainty. Ling et al. (2011) developed a sub-pixel scale land cover change mapping method by using a current coarseresolution remotely sensed image and a previous fine-resolution land cover map. This method was directly used on land cover fraction images obtained by spectral unmixing applied to remotely sensed images; fraction image errors reduced the accuracy of the result.
The integration of a previous fine-resolution land cover map into land cover classification and map updating accuracy has been developed in recent years. Previous studies have shown that pixel-based classification methods that integrate previous land cover map information outperform methods that independently classify images. Xian et al. (2010 Xian et al. ( ) updated 2001 NLCD impervious surface products to 2006 through a change detection method with Landsat imagery. Chen et al. (2012) proposed an automatic approach to update land cover maps. With the application of a change detection method to the previous map and current image (Chen et al., 2011) , the aforementioned land cover map updating approaches are simplified to update only the labels of changed pixels in the current image. However, these methods require that current remotely sensed images have a spatial resolution as fine as that of the previous land cover map and that the advantage of coarse-resolution images with a high temporal resolution be ignored.
This study proposes a novel land cover map updating method that involves the use of a current coarse-resolution image and a previous fine-resolution land cover map to update fine-resolution land cover maps. The proposed method comprises a change detection method and an SPM method. The change detection method is utilized to detect which fineresolution pixels are changed in each coarse-resolution image pixel, whereas SPM is used to label only the changed fineresolution pixels instead of all the fine-resolution pixels in the image. The proposed method was validated on the basis of synthetic multi-spectral and Landsat images by comparison of the proposed method with a hard classification method and two SPM methods.
Methods
The proposed method comprises a change detection method and an SPM method. The change detection method is used to produce a fine-resolution binary change/non-change map. SPM is utilized to label only the changed fine-resolution pixels according to the binary change/non-change map.
Change Detection Method
Change detection techniques can be grouped into two categories. One category involves detecting binary change/ non-change information, and the other category involves detecting the "from -to" change trajectory. In this study, fineresolution pixel change/non-change information is detected on the basis of coarse-and fine-resolution images. Although several remote sensing techniques have been successfully used in change detection, most of them focus on the change "between" classes measured in a crisp way through which each pixel label is changed or unchanged in different images. When the spatial resolution of a remotely sensed pixel is coarse, the pixel is usually not pure and comprises different land cover classes. Therefore, crisp change detection methods are inappropriate for coarse-resolution image change detection. Rather, the significance arises in the way that land cover fractions within each pixel may change in different images. Spectral unmixing applied to coarse-resolution images can generate land cover fraction images that represent land-cover area proportions within each pixel at the sub-pixel scale. Fraction image-based change detection methods quantify the change in different classes within each pixel by comparing the fraction images acquired at different times, so these methods are suitable for the change detection of coarse-resolution remotely sensed images (Lu et al., 2004a) . In this study, the fraction image-based change detection method is applied to detect sub-pixel land cover change information by comparing a pair of current and previous fraction images.
Current fraction images are produced by applying spectral unmixing to the current coarse-resolution image. Previous studies have confirmed that linear spectral mixture analysis (LSMA) can extract land cover fractions that represent area proportions of the endmembers within the pixel and can be applied in land cover fractional change detection (Roberts et al.,1998; Ju et al., 2003; Lu et al., 2004b) . In this study, LSMA is applied to current coarse-resolution images to generate current land cover fraction images.
The previous coarse-resolution fraction images are spatially degraded on the basis of the previous fine-resolution land cover map with the use of a mean filter (Foody et al., 2002; Tatem et al., 2003; Wang et al., 2014) . We assume C classes in the previous map. C fine-resolution binary category maps are first produced. In the k th (k = 1, …, C) fine-resolution land cover category map, a value of 1 is assigned to the fine-resolution pixel if it belongs to class k; otherwise, a value of 0 is assigned to it. The scale factor between the size of the coarse-resolution image pixel and the pixel in the fine-resolution map is defined as s, and each coarse-resolution pixel contains s 2 fine-resolution pixels (sub-pixels). Each of the C fine-resolution binary category maps is then spatially degraded with a mean filter that has an s × s fine-resolution pixel window to generate a previous coarse-resolution fraction image of that class.
After the current and previous coarse-resolution fraction images are produced, the change/non-change information of each class in every coarse-resolution pixel can be obtained. A fraction differencing image for each class is produced by application of a subtraction operation to the current and previous fraction images of that class. Assume that F k,pre and F k,cur are the previous and current fraction images of class k. ΔF k is the fraction differencing image of class k and is calculated as follows:
In implementing change/non-change detection on each fraction differencing image, establishing a threshold level to define the land cover change of that class in each coarseresolution pixel is necessary. In this study, the threshold is determined through the use of training images (Lu et al., 2004b) . These training images include a pair of a previous fine-resolution map and a current coarse-resolution remotely sensed image of a training region. The previous training image is acquired temporally close to the previous data as the input of proposed model, and the current training image is acquired temporally close to the current data as the input of proposed model. The previous fine-resolution training map is spatially degraded into the previous training fraction images, and the current coarse-resolution training image is unmixed into the current training fraction images. The training fraction differencing images are obtained from the pair of previous and current training fraction images according to Equation 1. The selection of thresholds for each class is based on statistical analysis of unchanged land-cover sample plots within the training fraction differencing image of that class, in consideration of the fact that unchanged land covers have normally distributed histograms in fraction differencing values (the mean value is close to zero), whereas changed land covers do not. Assume that SD k is the standard deviation of the values of pixels that cover the unchanged sample plots in the training fraction differencing image of class k. The land cover fraction change/non-change threshold value for class k, called T k , equals to 3 × SD k (Lu et al., 2004b) .
The fine-resolution binary change/non-change map is created after the fraction change/non-change threshold for each class is determined with the use of the training data. The change or non-change of each fine-resolution pixel is determined as follows. We assume that b i is the i th coarseresolution pixel in the current image, and a i,j is the j th fineresolution pixel in b i . We also assume that the label of a i,j in the previous map is class k. First, we determine whether the fraction value of class k in b i is changed by comparing the value of coarse-resolution i in the fraction differencing image ΔF k (called ΔF k,i ) and the threshold value T k . If ΔF k,i falls in the range of −T k to T k , the fraction value of class k in b i is unchanged; otherwise, the fraction value of class k in b i is changed. We make the simple assumption that if the fraction value of class k in b i is unchanged, then all the fine-resolution pixels labeled as class k in b i in the previous map are unchanged; therefore, the fine-resolution pixel a i,j is labeled as "unchanged" in the fine-resolution binary change/non-change map. Likewise, if the fraction value of class k in b i is changed, all the fine-resolution pixels labeled as class k in b i in the previous map are changed, and the fine-resolution pixel a i,j is labeled as "changed" in the fine-resolution binary change/ non-change map.
Sub-pixel Mapping
SPM is an approach to predict fine-resolution pixel (or subpixel) labels within each coarse-resolution pixel. SPM is essentially a hard classification technique at a finer spatial resolution than that of the input coarse-resolution remotely sensed image. Several SPM methods have been proposed in recent years (Table 1) . These methods include pixel-swapping algorithm (Atkinson, 2005; Foody and Doan, 2007; Makido et al., 2007; Tong et al., 2013; Xu and Huang, 2014) , Hopfield neural networks (Tatem et al., 2003; Ling et al., 2010; Muad and Foody, 2012) , spatial attraction model (Mertens et al., 2006; Ge et al., 2009; Shen et al., 2009; , Markov random field (Kasetkasem et al., 2005; Tolpekin and Stein, 2009; Ardila et al., 2011; Wang and Wang, 2013) , spatial-spectral managed model Li et al., 2014) , spatial regularization (Villa et al., 2011) , indicator kriging (Boucher and Kyriakidis, 2007; Wang et al., 2014) , interpolation model , multiplepoint simulating model (Ge, 2013) , particle swarm optimization (Wang et al., 2012) , and supervised fuzzy c-means-based model .
Spatial-spectral managed SPM algorithm (SSMA) is a simple yet effective method that can be applied directly to remotely sensed images. SSMA is utilized in this study to label current fine-resolution pixels marked as changed pixels in the fineresolution change/non-change map, rather than labeling all current fine-resolution pixel labels in the entire image as traditional SPM methods do. SSMA comprises three parts: a spatial term, a spectral term, and a balance parameter. The spatial term is the regularization term aiming to make the solution smooth. The spectral term is the data term to preserve information of the original coarse-resolution image. The balance parameter is utilized to balance the contribution of the spatial and spectral terms.
We assume that the coarse-resolution image is y, and y contains B bands with each band containing n pixels. The output of SPM is a fine-resolution land cover map (c). The goal function (E) of SSMA is characterized as:
where E spatial is the spatial term, E spectral is the spectral term, and λ is the balance parameter.
The SSMA spatial term aims to maximize the spatial correlation of neighboring fine-resolution pixels based on the assumption that spatially proximate observations of a given property are more similar than distant observations (Verhoeye and De Wulf, 2002; Makido and Shortridge, 2007; Atkinson, 2009) . The spatial term for fine-resolution pixel j in coarseresolution pixel i, a i,j , is computed as:
where N(a i,j ) is a symmetric neighborhood system that includes all fine-resolution pixels inside a square window whose center is a i,j (a i,j itself is not included in the window); d(a i,j , a l ) is the Euclidian distance between a i,j and a l (a l ∈ N(a i,j ));c(a i,j ) and c(a l ) are the land cover class labels of fine-resolution pixels a i and
The spectral term is utilized to preserve information of the original coarse-resolution image. Assume that y i is the observed pixel spectral value of pixel b i in y, μ i is the synthetic coarseresolution pixel spectral vector of pixel b i . Assume that the spectrum measured by a sensor is a linear combination of the spectra of all components within the pixel, μ i is calculated as:
where θ ki is the proportion of class k in pixel b i ; θ ki is calculated from label map c which is the SSMA intermediate result in each iteration, by dividing the number of fine-resolution 
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pixels labeled as class k in pixel b i by total fine-resolution pixel number, i.e., s 2 , in b i ; and μ k is the endmember spectral vector of class k. The SSMA spectral term for pixel b i is expressed as
where T is the transposition operation. Therefore, the goal function (E) of SSMA is calculated as:
SSMA optimization is achieved by minimizing the goal function through simulated annealing (Geman and Geman, 1984) .
Land Cover Map Updating by Integrating Change Detection and SPM
The proposed land cover map updating method that incorporates change detection and SSMA (CD_SSMA) is a modification of SSMA. Compared with SSMA, CD_SSMA adopts the fine-resolution binary change/non-change map and the previous fine-resolution map as base maps to update the fine-resolution pixel labels. CD_ SSMA determines if the fine-resolution pixel is changed before labeling this fine-resolution pixel. If a fine-resolution pixel is detected as "changed" in the binary change/non-change map, this fine-resolution pixel is labeled according to the SSMA goal function; if a fine-resolution pixel is detected as "unchanged" in the binary change/non-change map, this fine-resolution pixel is labeled according to the previous fine-resolution land cover map. The flowchart of CD_SSMA is shown in Figure 1 .
Methods for Comparison
CD_SSMA was compared with a hard classification method and two SPM methods. Minimum distance classifier (MDC) was employed as the hard classification method to generate the pixel-based classification map. The pixel-swapping algorithm (PSA) (Atkinson, 2005) and SSMA were utilized as SPM methods for comparison. PSA is a widely used SPM method. In the PSA initialization step, the fine-resolution pixels of each class within each coarse-resolution pixel are randomly labeled according to the numbers calculated with the use of land cover fraction images, which are the output of a spectral unmixing model. In each iteration, two fine-resolution pixels with different land cover labels are randomly selected from each coarseresolution pixel. If swapping these two fine-resolution pixels increases the land cover spatial dependence of the land cover map, these two fine-resolution pixels are swapped. PSA stops when a fixed number of iteration is reached. MDC, PSA, and SSMA adopt a coarse-resolution mono-temporal image as input.
Experimental Results

Experiment on Synthetic Multi-spectral Images
A synthetic multi-spectral image was used as the current coarse-resolution image to avoid spectral signature bias in deriving the endmember signatures. The previous and current Figure 1 . (Homer et al., 2004) . In this study, the original 16 land cover classes in NLCD 2001 and 2006 were combined and reclassified into five classes, namely, Water-Wetlands, Developed-Barren, Forest, Shrubland-Herbaceous, and Planted/Cultivated. Both the previous map obtained from NLCD2001 and the current map obtained from NLCD2006 contain 800 × 800 pixels of the same area located in Charlotte, North Carolina. The previous map is used as CD_SSMA input. The current map is used not only as the reference map for model validation, but also to produce the current coarse-resolution multi-spectral image. The number of bands was set to 4 to simulate the fine-resolution multi-spectral images. The five endmember signature DN values were set to [380, 490, 300, 320] T , [310, 335, 235, 260] T , [250, 410, 180, 390] T , [230, 360, 320, 345] T , and [450, 220, 120, 170] T . The spectral response of each class was assumed to be normally distributed in each waveband. The covariance matrixes for all the classes were set to 600·M, where M is a 4 × 4 matrix of 1. The coarse-resolution multi-spectral images were then generated by spatially degrading the fine-resolution multi-spectral image with a mean filter with scale factor s = 5 and s = 10 (Tolpekin and Stein, 2009).
The training images used to determine the land cover fraction change/non-change threshold values were also obtained from NLCD2001 and NLCD2006. The previous and current fineresolution training maps contain 4,000 × 4,000 pixels near the study area. The current coarse-resolution multi-spectral image was produced on the basis of the current fine-resolution training map with the use of the same method as that used to produce the multi-spectral testing data as CD_SSMA input.
The parameters of the different SPM methods were set. Neighborhood window size, which is the length of the square side of the neighborhood, was set to 5 in PSA (Makido and Shortridge, 2007) and 7 in both SSMA and CD_SSMA (Ardila et al., 2011) . Balance parameter λ in SSMA and CD_SSMA was set empirically. If λ is small, the result maps are unsmoothed with isolated patches; if λ is large, the result maps are oversmoothed with rounded patches. In this study, λ = 80 was set at s = 5, and λ = 5 was set at s = 10.
The CD_SSMA training images are shown in Plate 1. A mean filter was used to spatially degrade the previous fine-resolution training map. LSMA was utilized to unmix the current coarse-resolution training image. Comparing the previous and current fraction images obtained from the training images and applying the supervised change detection method (Lu et al., 2004b) to the images helped determine the land cover fraction change/non-change threshold values of the fractional change for each class (Table 2 ).
Plate 1 also shows the classification and SPM results, which differ significantly. The class boundaries in the MDC result are serrated and rough because the hard classification map is produced at the pixel scale and the mixed pixels are labeled as monotypes regardless of the spatial patterns of land cover classes within mixed pixels. In the PSA and SSMA results, the land cover patches are aggregated into rounded patches because SPM maximizes the spatial correlation of neighboring fine-resolution pixels. Many speckle artifacts in saltand-pepper appearance can be seen in the PSA result. This is because the fine-resolution pixel number of a class, which is determined by class fractions of that class in the coarseresolution pixel, is very few, and these fine-resolution pixels are characterized as speckle artifacts in the result map. In PSA, swapping a pair of fine-resolution pixels within the coarseresolution pixel does not change class fractions. By contrast, such speckle artifacts are mostly eliminated by SSMA in which the land cover fractions can be changed before and after SPM (Kasetkasem et al., 2005; Tolpekin and Stein, 2009; Ling et al., 2012; Li et al., 2014) . The CD_SSMA result matches the reference map better than the other results. The speckle artifacts are eliminated, and the spatial pattern of the linear-shaped Developed-Barren class, which is unchanged in the previous and current maps, is preserved in the zoomed area because CD_SSMA incorporates a change detection method and preserves the unchanged fine-resolution pixel labels. The scale factor plays an important role in the results. With the increase in the scale factor, the MDC map becomes coarse and the PSA and SSMA maps acquire more aggregated patches. By contrast, the CD_SSMA result does not change significantly.
A quantitative comparison was conducted with Kappa value, quantitative disagreement (QD), and allocation disagreement (AD) to assess the match between the reference land cover map and the resulting land cover map. QD is the difference between the reference and resulting maps caused by a less-than-optimal match in the proportions of categories. AD is the difference between the reference and resulting maps caused by a less-than-optimal match in the spatial allocation of categories given the proportions of the categories in the reference and resulting maps. Low values of QD and AD show a good match between the resulting and reference maps (Pontius and Millones, 2011) . Overall accuracy (OA) calculated from the change/non-change matrix was utilized to quantify the match between the real change/non-change map and the resulting change/non-change map. The real change/non-change map is produced by a per-pixel comparison of the reference and previous maps, whereas the resulting change/non-change map is produced by a per-pixel comparison of the resulting and previous maps. The accuracies of the different methods are shown in Table 3 . The Kappa and OA values for all the methods are higher at s = 5 than at s = 10, and the QD and AD values for all the methods are lower at s = 5 than at s = 10 except for the QD value for SSMA. This result shows that coarsening the current coarse-resolution remotely sensed image always reduces the accuracy of different methods in land cover map updates. The Kappa values of CD_SSMA are approximately 0.20 higher than Figure 2 . SPM and classification results of different methods using Landsat images.
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image was geo-registered to the ETM+ image and resampled at a spatial resolution of 30 m. The registration error between the TM and ETM+ images was less than 0.5 pixel. The TM and ETM+ images were subset with 2,880 × 2,000 pixels and then manually digitized to the previous and reference maps with forest and non-forest classes in the maps. In addition, the ETM+ image (red and near-infrared bands) was spatially degraded into the coarse-resolution image with a mean filter with the scale factor s = 8 to simulate the first two bands of MODIS image at a spatial resolution of 250 m. The previous and current fine-resolution training images with 1,600 × 1,600 fine-resolution pixels were obtained from the same TM and ETM+ images located near the study area. The previous fine-resolution training image was manually digitized to the previous training land cover map, which was then spatially degraded into the previous fraction images with a mean filter at s = 8. The current fine-resolution training image was spatially degraded into the coarse-resolution multi-spectral images with a mean filter at s = 8, which was then unmixed into current fraction images with the use of LSMA. Comparison of the pair of previous and current training fraction images with the use of the supervised change detection method (Lu et al., 2004b) shows that the land cover fraction change/non-change threshold values were 0.1585 for both forest and non-forest. The neighborhood window size values in PSA, SSMA, and CD_SSMA were set similar to those in the synthetic image experiment. λ = 1 was set in SSMA and CD_SSMA through numerous trials.
As can be seen in Figure 2 , MDC generates aggregated and discontinuous patches. The small linear object in the zoomed area is eliminated because of the coarse resolution of the remotely sensed image. In the PSA result, the linear object is discontinuous. In the SSMA result, the linear object is eliminated because of the spatial smoothing effect. By contrast, the linear object is mostly preserved in the CD_SSMA result. Quantitative analysis shows that the Kappa and OA values of CD_SSMA are higher than those of other methods (Table 4) . Although the QD value of CD_SSMA is approximately 0.003 higher than that of MDC and SSMA, the AD value of CD_SSMA is approximately 0.01 lower than that of the other methods. Conclusions CD_SSMA, a sub-pixel scale land cover map updating method that integrates change detection and SPM, was developed in this study. CD_SSMA utilizes current coarse-resolution images with high temporal resolution and previous land cover maps with fine spatial resolution to update land cover maps with high temporal and fine spatial resolutions. Unlike other SPM methods that directly label all the fine-resolution pixels in the image, CD_SSMA employs a change detection method to produce a fine-resolution binary change/non-change map and only updates the fine-resolution pixels that are changed in the binary change/non-change map through the use of SSMA. The spatial patterns of the unchanged fine-resolution pixels in the previous map can be preserved in the CD_SSMA result. The proposed method was tested on synthetic multi-spectral and Landsat images by comparing the proposed method with a hard classification method and two SPM methods, namely, PSA and SSMA. The results show that the hard classification method generates land cover maps with serrated boundaries because of the coarse resolution of the remotely sensed image. PSA generates land cover maps with speckle artifacts, and SSMA generates land cover maps with oversmoothed boundaries. CD_SSMA generates land cover maps that are close to the reference map and preserves most of the spatial patterns of the unchanged classes. Quantitative analysis shows that the CD_SSMA results have higher Kappa values and lower allocation disagreement values in all experiments by comparison with the results of the other methods.
The accuracy of CD_SSMA is related to the number of constraints. First, CD_SSMA requires that the registration error between the previous fine-resolution land cover map and the current coarse-resolution image be strictly controlled because mis-registration will reduce the change detection accuracy. Furthermore, training images are necessary to obtain the threshold value for the identification of unchanged classes in every coarse-resolution pixel. Unsupervised threshold determination methods that can be applied without image training must be developed. Finally, the balance parameter in the SPM procedure of CD_SSMA was set by trials. A comprehensive study that involves the automatic estimation of the optimal balance parameter value is required in the future.
